Understanding how stem cells are regulated in adult tissues is a major challenge in cell biology. In the basal layer of human epidermis, clusters of almost quiescent stem cells are interspersed with proliferating and differentiating cells. Previous studies have shown that the proliferating cells follow a pattern of balanced stochastic cell fate. This behaviour enables them to maintain homeostasis, while stem cells remain confined to their quiescent clusters. Intriguingly, these clusters reappear spontaneously in culture, suggesting that they may play a functional role in stem cell auto-regulation. We propose a model of pattern formation that explains how clustering could regulate stem cell activity in homeostatic tissue through contact inhibition and stem cell aggregation.
INTRODUCTION
To achieve homeostasis in adult tissues, new cells must be generated at a rate that exactly matches cell loss. Tissue maintenance is believed to depend upon longlived stem cells, which both self-renew and generate short-lived progeny that in turn produce terminally differentiated cells [1] . Understanding how the balance between proliferation and differentiation of stem cells and their progeny is regulated to generate precisely the required number of differentiated cells is a major challenge in stem cell biology.
Mammalian epidermis is an ideal system in which to address this problem as it is constantly turned over, has a simple architecture, and is predominantly composed of a single cell lineage, the epidermal keratinocyte. The tissue is organized into hair follicles interspersed with interfollicular epidermis (IFE), which consists of layers of keratinocytes [2] (figure 1). Cells are continually shed from the surface of the IFE and replaced by proliferation in the basal cell layer. On commitment to terminal differentiation, basal cells exit the cell cycle and migrate into the suprabasal cell layers, eventually reaching the epidermal surface where they are shed. Studies in mice have revealed that, while a population of stem cells resides in the bulge of the hair follicle, these cells play no role in supporting normal IFE [3 -6] . This raises the question of how homeostasis of IFE is achieved.
It has long been argued that mammalian IFE is both maintained and regenerated by stem cells, which generate a short-lived population of transit-amplifying (TA) cells that differentiate after a limited number of cell divisions [7, 8] . However, this stem/TA cell paradigm has been challenged by cell fate data in transgenic mice, which revealed that murine IFE is maintained by a single population of cells that behave stochastically, dividing to generate, on average, equal numbers of cycling and postmitotic (PM) cells [9, 10] . Although, as a population, these cells exhibit the stem-like capacity for long-term self-renewal, the limited proliferative potential of individual cells led us to term them 'committed progenitor' (CP) cells [9, 11, 12] .
The discovery of a new paradigm for tissue homeostasis in mouse IFE raises the question as to whether similar rules may govern the behaviour of keratinocytes in human epidermis. Although the general architecture of human IFE is similar to mouse, there is strong experimental evidence for proliferative heterogeneity within the basal cell layer. Sub-cloning single cell-derived colonies of cultured human keratinocytes defines distinct types of colony-initiating cells: those with a very high proliferative potential that give rise to large circular colonies when subcloned (termed holoclones); those with very limited proliferative potential that give rise to small irregularly shaped colonies ( paraclones); and colonies with intermediate properties (meroclones) [13] . Subsequent studies showed that cultured keratinocytes could be fractionated on the basis of their expression of the b 1 integrin family of extracellular matrix receptors. Cells expressing high levels of b 1 integrin form large actively growing colonies and regenerate human epidermis when xenografted. In contrast, keratinocytes lower in expression form small abortive colonies in which all cells eventually undergo terminal differentiation; these cells fail to produce epidermis in xenografts [14] . Several further human epidermal stem cell markers have been defined (high expression of the notch ligand Delta, MCSP, LRIG1 and low expression of DSG3), which all co-localize with b 1 integrin [15] [16] [17] [18] [19] [20] . As with b 1 integrin, the expression of these markers correlates strongly with stem cell behaviour, although their biological role in controlling stem cell fate remains unclear.
Analysis of stem cell marker expression in human IFE reveals that the basal layer is organized into irregular clusters of stem cells, localized around the tips of dermal papillae [14, 15, 18, 20] . A striking feature of these clusters is that the great majority of the constituent cells are quiescent: proliferating cells with a much lower proliferative potential and PM basal layer cells lie between the clusters (figure 2) [15, 21] .
Here, we examine the cellular behaviour that underlies human epidermal homeostasis. Recently, a quantitative analysis of primary human keratinocytes has shown that CP cell behaviour is conserved even when cells are cultured at clonal density (V. Nikolaidou-Neokosmidou and P. H. Jones 2010, unpublished data). Further, this study revealed that primary human keratinocytes in three-dimensional cultures reconstitute the same pattern of stem cell clusters seen in epidermis. These results are used here to develop a theory that suggests how stem cell proliferation and differentiation may be spontaneously balanced in homeostatic tissue.
SPONTANEOUS STEM CELL PATTERNING
Intriguingly, when clonal density keratinocyte cultures are maintained beyond confluence (i.e. when all cells in the culture lie in contact with neighbours), stem cells are not randomly distributed within the resulting sheets of keratinocytes but are found to be clustered [14] (figure 3a). The organization of the basal layer in the organotypic culture is remarkably similar to epidermis (figure 2), with cells expressing the stem cell marker MCSP forming irregularly shaped clusters of similar size to those seen in vivo. The reconstitution of patterning, even in a hyper-proliferative culture grown on plastic in serum-free media, indicates that pattern formation is not specified by signals from other cell types, but is instead an intrinsic property of the keratinocytes. Moreover, the ability of the progeny of a single stem cell or multiple stem and CP cells plated at random to arrange themselves into patterned arrays indicates that patterning is a robust, spontaneous, process tuned to produce a pattern similar to that seen in vivo over a wide range of initial culture conditions. How might such clustering occur, and does it offer any insight into stem cell regulation? Previously, it has been reported that stem cells adhere more tightly to each other than to other basal cells by virtue of expressing factors that promote cohesiveness, such as the notch receptor delta and MCSP [15, 17] . However, although stem cell aggregation may drive rapid cluster formation, it cannot alone regulate cluster size to generate an array of small clusters [22] : this can only occur if, in addition to simple adhesion, stem cells respond to signals from adjacent cells.
FROM EXPERIMENTAL PHENOMENOLOGY TO THEORY
To explore the factors responsible for arresting the growth of stem cell clusters, and to gain insight into the potential functional benefits of this organization, in the following we will develop a model of epidermal maintenance that accommodates the range of experimental phenomenology. The model includes the three functionally distinct populations found in the basal layer: stem, CP and PM cells. In homeostasis, IFE is largely maintained by the turnover of the CP cell population, while stem cells retain the capacity to undergo division and differentiation, but remain quiescent. In the following, we will show that the patterning and turnover of IFE can be captured in full by focusing on just two stem cell fates: symmetric stem cell division leading to self-renewal, and direct differentiation of stem into CP cells in the absence of division (figure 3b). To incorporate stem cell cohesion into the model, we assume that stem cells effectively adhere more to each other than to other basal cells.
As PM cells exit the basal layer through upward migration, nearby cells are rearranged to ensure tissue confluence. To maintain the number of cells in the basal layer, cell loss by migration is compensated by proliferation. Therefore, in this model, we assume that cell division is regulated through a mechanism of 'contact inhibition' in which stem and CP cell division occurs only in response to the upwards migration of a nearby PM cell out of the basal layer. This constraint imposes a near-uniform cell density in the basal layer as observed experimentally. Although the model does not constrain the molecular mechanism for cell fate regulation, no further level of detail is necessary to explain the origin of pattern formation: these properties alone are already sufficient to recover patterning.
To demonstrate that this 'stem/CP cell' model can reproduce the experimental pattern, we conducted numerical simulations of the cell dynamics using a simple cellular automata (see appendix). These studies reveal that an irregularly patterned array, closely resembling that seen in vivo, develops from an initial random cell distribution (figure 3c). The patterning was found to be robust with respect to variations in the model parameters: while the quantitative characteristics of the stem cell clusters depend on the particular rates of division, differentiation and detachment from the basal layer, the pattern was consistently observed across a wide range of parameters and initial conditions. Indeed, numerical simulation shows that the same irregular patterned array can be developed from the clonal evolution of a single stem cell, as seen in experiment [14] .
Although the simulations confirm that the model (figure 3b) has the capacity to recover the spatial organization of cells in IFE, it does not identify the actual mechanism of pattern formation, nor its importance for self-regulating the stem and CP cell populations. To address these questions, we will develop a continuum theory of the model that captures how the stem, CP and PM basal cell densities change with time within the cellular automata model. The continuum theory is heuristically constructed by including all low-order contributions of the averaged cell densities and their gradients, which are allowed by symmetry [23] . As such, the theory will capture the long-range dynamics of the cell densities, with short-range fluctuations coarsegrained out of the problem. We follow a well-established methodology for modelling non-equilibrium populations using a reaction -diffusion approach [24] . Specific examples that are closely related to the model under consideration can also be found in Lara-Ochoa [25] and Glotzer et al. [26] . By surrendering information about the interactions between individual cells, this theoretical approach exposes the relevant population behaviour that leads to patterning at length scales much larger than that of a single cell.
Cahn -Hilliard equations
To discriminate between different cell types in the basal cell layer, the local cell density (defined in units of the cross-sectional area of a typical basal cell) may be subdivided into the sum, cðr; tÞ ¼ c S ðr; tÞ þ c A ðr; tÞ þ c B ðr; tÞ, of stem (S type), CP (A type) and PM (B type) cell densities. Changes in the local cell densities arising from the stem/CP behaviour (figure 3b) can then be expressed as a set of 'continuity' or kinetic equations for each of the three cell types, X¼ S, A or B,
Processes that change the total number of cells of each type appear as rates, R X , which incorporate the average rates of cell division, differentiation and upward migration. At the same time, changes to the local cell densities may also result from the rearrangement of cells within the basal layer. The resulting redistribution of cell densities is associated with a flow of cells, or flux, J X . The processes of cell division and differentiation in the stem/CP cell model (figure 3b) can be related to the rates, is the rate of migration (i.e. exit) of PM cells from the basal layer. During homeostasis, the cell division rates are regulated by the local cell density with the cell division rates vanishing at the saturating cell density, c 0 , imposed by contact inhibition. As the steady-state cell density will be very close to c 0 , the cell division rates are dominated by a leading-order density dependence, which is taken to be linear, viz. g ðXÞ YZ ðr; tÞ ¼ ð1 À cðr; tÞ=c 0 Þr ðXÞ YZ , and therefore Gðr; tÞ ¼ ð1 À cðr; tÞ=c 0 Þr G , Dðr; tÞ ¼ ð1À cðr; tÞ=c 0 Þr D . As defined above, cðr; tÞ c 0 is the total local cell density, r YZ (X) denotes the constant bare division rates, and
, r D ¼ r BB (A) 2 r AA (A) follow the same definitions as G and D. Higher-order corrections will contribute little to the steady-state behaviour. In units of the cross-section area of the cells, the saturating density is c 0 ¼ 1.
We now turn to the effects of cell rearrangement and stem cell adhesion. If the reaction terms R X were absent and cells were allowed to migrate in the basal layer, the adhesion of stem cells would lead them to 'phase separate' according to a mean-field flux first described by Cahn & Hilliard [27] . For our system, we can follow the same approach to modelling the cell flux despite the presence of reaction terms and absence of active cell migration, by defining a free-energy functional F[fc X g] that concisely captures the effect of all local forces acting on the cells, as well as diffusive effects that arise from the stochastic nature of cell division. Defining the mobility matrix M XY , the flux in the density of cell type X is given by [28] , the relevant form of the mobility matrix is given by
To identify the relevant free energy F[fc X g], one must account for the dominant processes that lead to a cell flux in a confluent tissue. We consider three processes:
-Cell rearrangement following cell exit or mitosis. As PM cells exit the basal layer, neighbouring cells occupy their basal layer footprint through division and rearrangement. We shall model the effect of cell motion on the cell densities, c X , through simple diffusion on two timescales: at times that are fast comparable to the rate of cell division and differentiation, cell rearrangement ensures that the overall cell density, c ¼ P X c X , remains uniform. At long times, the three cell types (stem, CP and PM) become mixed through ongoing rearrangement leading to a slow diffusion of the areal fractions of the different cells types. The fast and slow processes are captured by an effective free energy that resembles an entropy of mixing [27] , viz.
where the 'slow' diffusion constant is given by the mobility s (defined above), and the constant x ) 1 gives the ratio between the fast and slow diffusion timescales. -Stem cell adhesion. The effect of adhesion is similar to that of surface tension in phase-separating mixtures. Drawing upon the long history of literature in this field, we will use the Cahn-Hilliard free energy [27] that was first used to study phase separation,
Here, the parameter J gives the strength of stem cell adhesion relative to diffusion, while a is a constant of order unity (commonly known as the 'surface tension') that depends on the geometrical arrangement of cells within the basal layer. -Density diffusion owing to stochastic cell fate. The stochastic outcome of CP cell division leads to an effective diffusion of CP and PM cells [29] . For example, consider the outcome of asymmetric CP cell division, A ! A þ B: following division, the position of the daughter CP cell may be displaced from that of the parent CP cell by perhaps half a cell diameter. As a result, a sequence of asymmetric divisions will translate into an effective random walk for the CP cell progeny. Likewise, the balance of symmetric division and differentiation leads to diffusion of the average local cell density, see [29] . Together, the magnitude of the diffusion constant resulting from stochastic cell division is set by the CP cell division rate, G/c 0 [29] . However, we may absorb this diffusion entirely into the first term of the free energy, F 0 .
Finally, as uninjured epidermis has no open edges, the appropriate boundary conditions for equation (3.1) are periodic. In practice, for much of the following analysis we may treat the basal layer as an infinite twodimensional surface and neglect boundary conditions. For exact numerical solutions of equation (3.1), however, we impose the periodic boundary conditions.
Parameter timescales
The tissue biology presents several constraints on the timescales of the model parameters (table 1) . Based on the analysis of cell division rates in mouse epidermis [9, 10] , which is expected to be close to human, PM cells exit the basal layer with a rate of g (B) % 0.3 2 1/week, and cycling CP cells divide with a rate of G ¼ r G (1 2 c/c 0 ) % 1/week. As diffusion of the cell density is driven by the same two processes of CP cell division and PM cell exit, it follows that s (g (B) þ G)/c 0 . Turning to the stem cells, their quiescence and rare differentiation set the slowest timescales in the system to be the stem cell differentiation rate, g
(1, their division rate, g SS (S) /G ( 1 and the CP cell loss rate, D/G ( 1.
In addition, stem cells, cycling progenitors and PM cells are present in comparable fractions in the basal layer (estimated in the range 20-40% [13] ), which imposes two additional parameter constraints, while the size of the stem cell clusters (approx. 14 cells in diameter [14, 21] ) imposes yet a third additional constraint. To determine the dependence of these observables on the model parameters, it is necessary to analyse equation (3.1) to identify properties of the steady-state pattern. In the following analysis, we will work in units of the cell area c 0 ¼ 1.
Stability and pattern formation
As well as the trivial fixed points of the empty (c ¼ 0), and 'jammed' (c ¼ c A ¼ 1) 1 systems, the kinetic equation (3.1) admits a uniform steady-state solution
ðSÞ SS . (Recall that we have set c 0 ¼ 1, and that the rates r X relate to the bare reaction rates, undressed by the excluded volume factor, ð1 À cðr; tÞÞ.) Linearizing the kinetic equations in fluctuations dc X / e n(k)tþikÁr , one obtains an eigenvalue equation for the growth rate of modes k. Although the formal analytical expressions for the eigenvalues, n(k), are unwieldy, the stability properties can be easily inferred for the physical system. In particular, for k large, the stability behaviour is dictated by the adhesion properties of the stem cell compartment alone. As a result, one finds that nðkÞ ≃ sk 2 
½J
c S ð1 À c S Þð1 À ak 2 Þk 2 À 1 with the most unstable mode set by
However, for small k, the stability properties are instead dictated by division/differentiation where the fixed point is stable (figure 4a). Such a crossover between reaction-induced stability and adhesion-induced instability appears to be typical for systems involving both reactions and spinodal decomposition [25, 26] . Referring to the phase-space dynamics in figure 4b, one may qualitatively interpret the behaviour as follows: the adhesiveness of stem cells always favours instability at short wavelengths, which leads to spinodal decomposition (thick grey arrows). However, the division/differentiation of cells has the effect of restoring the local cell populations back to their equilibrium values (dashed lines). Stability is achieved at large wavelengths, as here the stem cell aggregation driving the instability is sufficiently weak to be completely balanced out by the restoring effect of cell division and differentiation (figure 4a, inset). These opposing behaviours at short and long wavelengths are also responsible for arresting the coarsening as the instability matures.
Although the linear stability analysis describes the onset of the transition from a uniform to a patterned state, it says little about the morphology of the steady state. From the numerical solution for the reactiondiffusion equations (3.1), shown in figure 5, one may see that the steady state involves a near phase- separated periodic structure of hexagonal lattice symmetry and wavelength L. Within each lattice period, the system separates into a homogeneous circular stem cell-rich domain of area a S and density c S ≃ 1, and a stem cell-depleted region of relative area a AB ¼ L 2 2 a S and density c S ≃ 1, i.e. in the steady state, stem cell proliferation is limited to the boundary region around the stem cell-rich clusters (as seen directly in figure 5 ).
To maintain each stem cell-rich domain at its steadystate size, the rate of stem cell differentiation within the domain is matched by stem cell creation at the domain wall. Since we assume that stem cell adhesion is strong, J ) 1, then the width, W, of the domain wall is controlled only by the adhesion properties of stem cells, with W / ffiffiffi a p [30] . As a result, one obtains a natural condition for the total density c inside the stem cell-depleted domain,
is a dimensionless number of order unity, with the integral Ð W dr taken along a path perpendicular to the domain wall. Similarly, integrating equation (3.1) over the near-uniform stem cell-depleted region up to the domain wall, one obtains the following relations for the remaining effective transition rates, The system shows a weak stable response at long wavelengths, in contrast to the case when reactions are turned off (red curve). The wavenumber k* indicates the crossover to reactionless behaviour, setting the length scale at which the pattern is stable; 1/k* 10 2 20 cells is consistent with the stem cell cluster size observed in experiment [14, 21] . Parameters used for plotting: The regularity of the pattern is due to the 'mean-field' character of the theory, which describes the average behaviour of the population. The location of dividing stem cells (with g SS (S) . 0) is shown inset for the same stationary state (black), revealing that stem cells deep within each cluster are quiescent. The lower panels show the total cell density c, and the density of stem (type S), committed progenitor (type A) and PM (type B) cells along the marked cross section (yellow). Parameters used for this calculation are s ¼ 2,
densities of progenitor and PM cells inside the stem celldepleted domain.
To estimate the size of the stem cell-rich domains, we note that the dynamics within the stem cell-rich regions are dominated by the processes of stem cell differentiation and diffusion. From dimensional analysis, we therefore expect the growth of the stem cell-rich domains to be arrested at a typical size of a S / s/g A (S) , which is the size when the type A cells created within the domain begin to destabilize the domain. Taking into account the finite width W of the cluster boundary, we obtain the estimate
where A is a numerical constant.
Taken together, equations (3.4) -(3.6) characterize key features of the steady-state morphology, giving access to the stem cell cluster size, the periodicity of the pattern L 2 ¼ a S þ a AB , as well as the fraction of progenitor cells and PM cells in the stem cell-depleted regions ( c A , c B ), as shown in figure 6 . For example, a reduction in the ratio g
has the capacity to invert the steady-state pattern (i.e. a S =L 2 . 1=2) leading to the formation of a lattice of stem cell-depleted domains within a sea of stem cells.
Finally, it is interesting to assess the effect of fluctuations on the solution to the mean-field equations. Many of the fluctuations relevant to the cellular system are captured by the cellular automata simulations ( figure 3c and appendix) , which incorporate the stochastic nature of cell fate decisions (figure 3b), as well as Poisson (or 'shot') noise in the chemical reactions. A comparison of the simulation results with the mean-field equations in figure 6 shows that the effect of fluctuations is most pronounced in setting the patterning length scale (figure 6a), which deviates strongly from the mean-field results. Fluctuations also weakly affect the ratio of CP and PM cells ( figure 6c,d, insets) . However, the fraction of stem cells in the basal layer (a S /L 2 ) remains largely unaffected ( figure 6c,d ).
DISCUSSION
The best-known examples of pattern formation in biological systems belong to the class of Turing instabilities, whereby two chemical species, acting as an activator and inhibitor, undergo spontaneous patterning . The values of W and V in the analytical solution were estimated by a best fit to the simulation results to be W ¼ 2.5, V ¼ 1.5. (Online version in colour.) [31] . Intriguingly, the structure of the coarse-grained equations reveals that pattern formation in the proposed model does not derive from a Turing instability, but from a process of 'surface tension'-mediated separation of the stem and non-stem cells, which results from the aggregation of stem cells (cf. [26] ). Small clusters form through the combined effects of stem cell adhesion and proliferation; yet, when clusters become too large they fragment as a result of stem cell differentiation. The average diameter of the stem cell-rich clusters varies over a wide range of parameters in a predictable way, reflecting the typical cluster size at which the generation rate of CP cells through stem cell differentiation within a cluster begins to exceed the rate at which they exit the cluster into the surrounding tissue. Stem cells on the boundary of clusters should divide slowly, while contact inhibition leads to an almost complete suppression of stem cell division deep within the clusters (figure 5a, inset), consistent with experiment. In summary, these results show that the observed aggregation of stem cells, combined with contact inhibition, is sufficient to explain the large-scale stem cell patterning.
To assess whether patterning in human IFE provides some functional advantage, we reanalysed the stem/CP cell model to explore the importance of stem cell adhesion. In the absence of adhesion, stem cells become dispersed through tissue and, through the resulting reduction in contact inhibition, the entire stem cell population enters into cycle. This result shows that patterning could provide an effective mechanism to maintain stem cell quiescence during homeostasis: epidermal homeostasis proceeds predominantly through the turnover of CP cells, with only a small contribution arising from the differentiation and turnover of the stem cell compartment. This presents a clear functional advantage in protecting stem cells against damage. Conversely, when tissue becomes sub-confluent through wounding, the model predicts that the loss of contact inhibition leads to the rapid recruitment of the stem cell population back into cycle until the patterning is recovered and homeostasis is restored. Therefore, the proposed patterning mechanism can not only ensure stem cell quiescence, but also allows stem cells to rapidly and spontaneously switch between response to injury and homeostasis.
For many years it has been argued that long-lived, self-renewing stem cells both maintain adult tissues and regenerate them after injury. Following this concept, it was assumed that epidermal maintenance must depend on cells that generate large actively growing colonies in vitro and reconstitute epidermis in xenografts [13, 14] . By contrast, the results presented here are consistent with human IFE being maintained not by stem cells, but by progenitor cells that only generate small or microscopic colonies in culture and lack the ability to regenerate epidermis in xenograft assays: these progenitor cells are stochastic CP cells that have a capacity for long-term self-renewal as a population, while individual CP cells typically have only a limited proliferative and self-renewal potential. CP cells maintain the tissue but are unable to regenerate it.
By contrast, stem cells have a high proliferative and self-renewal potential, evidenced by their ability to found large actively growing colonies in culture and regenerate epidermis on transplantation. Unlike CP cells, their fate is highly regulated by the environment: exponential stem cell growth in clonal culture turns to quiescence when the epidermis is reconstituted. Moreover, stem cells cohere while CP cells are distributed randomly in the IFE. By combining these experimental observations with the properties of CP cells, the stem/ CP cell model suggests that the full gamut of reported human IFE stem cell behaviour might be explained by a simple theory (figure 3b). We suggest that patterning is a mechanism of stem cell auto-regulation; mutual adhesion leads to stem cell cluster formation that, through contact inhibition, drives the stem cells into quiescence. Thus, rather than being regulated by signals from other cell types within a niche, human IFE stem cells assemble themselves into quiescent clusters. The simple rules of stem and CP cell behaviour create an environment that achieves the same regulation that the niche confers on stem cells in other lineages. 
APPENDIX A. CELLULAR AUTOMATA SIMULATIONS
To develop a cell-based model that incorporates many of the features of a stochastic cell population, we adopt the approach described in Kein et al. [32] . We model the basal layer as a two-dimensional (hexagonal) lattice where each site may host one of the three cell types or may be vacant (). To further maintain a uniform cell density through density-dependent cell division rates, we suppose that progenitor cells are only capable of division when neighbouring a vacancy. The parameters r YZ (X) represent the respective 'reaction' rates, which are related to the coarse-grained parameters through the identities r G ¼ r AB (A) þ 2r BB
, and r D ¼ r BB (A) 2 r AA (A) , and z ¼ 6 denotes the coordination number of the lattice. To accommodate the process of lateral cell mobility, we include the 'fast' vacancy diffusion process, X ! x 0 X, where X ¼ A,B, and the hopping rate x 0 / xs is related to the coarsegrained mobility, s, (in units of the cell area) and to the 'fast' timescale of the elastic tissue response, x, through a constant numerical factor of order unity, (for example, x 0 ¼ 2 3 xs for a hexagonal lattice). Without stem cells, when g AA (A) ¼ g BB (A) , the model above describes a critical birth -death process belonging to the generalized Voter universality class [29] . Turning to the stem cell compartment, and allowing for symmetric stem cell division or differentiation, the lattice model is related to the coarse-grained model through the processes S ! Finally, turning to the processes of stem cell mobility and clustering, there does not exist (to our knowledge) any microscopic model for which the Cahn -Hilliard dynamics of equation (3.1) gives the exact macroscopic description [33] . Nevertheless, the same qualitative behaviour (and much of the quantitative behaviour) is captured by the constrained diffusion processes S i X j ! w ij X i S j and S i j ! xw ij i S j ; ðA 2Þ
with the exchange rate w ij reflecting the change in energy from the initial to the target states. We define the exchange rate using Glauber's hyperbolic tangent rule, w ij ¼ s 0 ð1 À tanh½E j À E i À J Þ=2, where E i ¼ J P k[NðiÞ n S;k is the relative energy of the system when the stem cell is at its initial site i, E j is the energy evaluated when the stem cell has hopped to its neighbouring site and N(i) denotes the neighbours of lattice site i and n S,k [ f0,1g is the stem cell occupancy at site k (other functional forms of E i give similar results). With respect to stem cell motion, this model is the dynamic Ising model with conserved particle number-the Kawasaki model [34] .
To implement the basal layer lattice simulation, we used a Gillespie algorithm [35] , treating all processes as Poisson. Using this algorithm, the system was allowed to evolve over a time t ) g A (S) until a steady state was reached, as determined by requiring that the average fraction of cells of type X [ S, A and B become stationary. By varying the choice of system parameters, it was possible to study the nature of the steady state associated with the microscopic model.
